In addition to the processes structuring free-living communities, host-associated microbiota are directly or indirectly 14 shaped by the host. Therefore, microbiota data have a hierarchical structure where samples are nested under one or 15 several variables representing host-specific factors, often spanning multiple levels of biological organization. Current 16 statistical methods do not accommodate this hierarchical data structure, and therefore cannot explicitly account for the 17 effect of the host in structuring the microbiota. We introduce a novel extension of joint species distribution models 18 (JSDMs) which can straightforwardly accommodate and discern between effects such as host phylogeny and traits, 19 recorded covariates like diet and collection sites, among other ecological processes. Our proposed methodology 20 includes powerful yet familiar outputs seen in community ecology overall, including: (i) model-based ordination to 21 visualize and quantify the main patterns in the data; (ii) variance partitioning to asses how influential the included host-22 specific factors are in structuring the microbiota; and (iii) co-occurrence networks to visualize microbe-to-microbe 23 associations. 24 25 mixed models; Bayesian inference 26 28 the upper bound on carrying capacity, competitive and facilitative interactions within and among taxa determine the 29 identity of the species present in local communities. Ecologists are often interested in inferring ecological processes 30
µ r ⇠ Cauchy(0, 2.5), r= 1,..., R = 2 µ l ⇠ Cauchy(0, 2.5), l= 1,..., L = 4 j ⇠ Cauchy(0, 2.5) and foremost, including ↵ i allows us to account for the hierarchical data structure and its effect on sample total 139 abundance specifically. In particular, to account for sample i being nested within host species s (which are further 140 nested within ecotype r) and site l, the sample effects ↵ i are drawn from a normal distribution with a mean that is a 141 linear function of three host-specific effects: host ecotype µ(ecotype); host collection site µ(site); and host phylogeny 142 µ(phylo). Furthermore, the host ecotype µ(ecotype) and host collection site µ(site) effects are themselves drawn 143 from a normal distribution with an ecotype and site-specific mean, respectively. Second, the inclusion of ↵ i means 144 that the resulting ordinations constructed by the latent factors on the sample Z iq and host species Z H s [i] we use for the mean µ r and µ l , we used a weakly informative prior in the form of a half-Cauchy distribution with a 152 center and scale equal to 0 and 2.5 for the overdispersion parameter . Moreover, following Gelman et al.
[37], we 153 used the same distribution with location and scale equal to 0 and 1 as prior information on the variance parameters: 154 2 (sample); 2 (ecotype); and 2 (site). Based on our empirical investigation, we found that the use of such priors 155 stabilized the MCMC sampling substantially without introducing too much prior information, compared to using 156 more uninformative prior distributions. Lastly, the quantity C(phylo) corresponds to a phylogenetic correlation matrix Model 2
Z iq qj , i= 1,..., n = 116, j = 1,..., m = 151, q = 1,..., 5 (4)
While the above description is largely the same as that of Model 1, we also included here a linear predictor L ij to 168 model the effects of five available covariates (represented by the model matrix X ik ; k = 1,..., 5) on species composition 169 (equation (5)). The linear predictor L ij thus acts to explain covariation between OTUs due to the measured explanatory 170 predictor variables, while the latent factors account for the remaining, residual covariation. Similarly to Model 1, 171 including ↵ i means that the covariation between OTUs is in terms of species composition only. By drawing the sample 172 effects ↵ i from a normal distribution with a mean that is a linear function of both non-phylogentic µ(non phylo) 173 and phylogenetic µ(phylo) host effects (equation (6)), we account for the hierarchical structure present in the data.
174
Furthermore, from the loading matrix , we computed a covariance matrix as ⌦ = > , which we subsequently 175 convert to a correlation matrix for studying the OTU-to-OTU co-occurrence network. the linear predictor and the loadings capture variance in species composition. As mention above, when the linear 188 predictor is included in (Model 2), the loadings capture residual variation not accounted for by the modeled covariates.
189
Variance partitioning therefore allows us to asses the explanatory power of the hierarchical data structure, and mea-190 sured covariates including "hidden" factors, and how influential each of them are in structuring the host-associated 191 microbiota ([10]).
192
We now discuss in more detail how we partition the explained variance into components attributed to the row 
and for Case Study 2 we have,
In the second partitioning, the quantity V linpred represents the variance explained by the linear predictor L ij , the that the posterior probability of the difference being significantly different from zero exceeds 95%.
200
Case study 1 201 We applied Model 1 to data on sponge host-associated microbiota [29] . The fitted model revealed that more than 86% 202 of the variation in relative abundance among samples could be attributed to processes operating on the host-species 203 level (Table 1 ; Fig 2) . More specifically, 57% of this variation was explained by host phylogenetic relatedness, even 204 though the 95% HDI for the phylogenetic effects did not exclude zero for any of the host species. While this suggests 205 the presence of a phylogenetic signal in one or more host traits affecting microbial abundance and/or occurrence, it also 206 indicates that no particular host species or host species clade have a stronger signal than the rest. Easson and Thacker
207
[29] used the Bloomberg's K statistic and found a significant signal of the host phylogeny on the inverse Simpson's 208 index. This index measures the diversity of a community, but is strongly influenced by the relative abundance of its 209 most common species ([46] ). The authors specifically noted that host species Aiolochroia crassa, Aplysina cauliformis 210 and Aplysina fulva from the order Verongida, along with host Erylus formosus from the order Astrophorida had higher 211 values of this index compared to the rest of the host species. Similarly, we found that the same four hosts harbored more 212 abundant (Fig 2) and distinctively different microbiotas than the other host species (Fig 3) . Pairwise comparisons of 213 these four hosts showed that A. crassa harbored markedly different microbial composition compared to its two closest 214 relatives A. cauliformis and A. fulva (Table S1 ; Table S2 ). These three hosts were nonetheless collected at the same 215 site. The two species from the genus Aplysina on the other hand, harbored very similar microbiota composition to that 216 of host E. formosus even if they were collected some 17,000 km apart.
217
Host ecotype and collection site roughly explained two thirds of the remaining variation in relative abundance 218 (Table 1) . Furthermore, the host species level explained 39% of the variation beyond differences in relative abundance, 219 with the remaining variation explained by the latent factors on the sample level. While samples did not cluster based 220 on ecotype or sites, samples belonging to HMA hosts generally formed tighter clusters compared to samples from 221 LMA hosts ( Fig S3) . Note however that because the sampling scheme in the original study confounded host ecotype 222 and collection site, it is impossible to fully disentangle the two.
223
Case study 2
224
Fitting Model 2 to the data on neotropical bird gut-associated microbiota [31] revealed that only 9% of the variation in 225 species richness among samples could be explained by processes acting on the host species level, including processes 226 related to the host phylogeny. The remaining 91% of this variation was captured by processes operating on the sample 227 level ( Table 2) . Of the total variance in species occurrence, variation in species richness only accounted for, on average, 228 about 17%. The modeled predictor variables explained 69% of the total variance, and varied from a minimum of less 229 than 0.01% to a maximum of 99.7% across all OTUs (Fig 5) . The predictor variable that had the largest average effect 230 on microbiota composition was collection site (21.33%, Table 2 ). None of the estimated regression coefficients for the 231 predictor variables excluded zero ( Fig S4) . Furthermore, the ordination plots constructed from the the first two latent 232 factors did not reveal any obvious clustering by e.g., host taxonomy (at the order level), collection site, or diet (broad 233 dietary specialization) ( Fig 6; Fig S5; Fig S6) . 234 We ran an edge betweeness community detection algorithm [47] on the correlation matrix computed from the Hierarchical structure Host phylogeny Host distribution Response matrix Figure 1 : Host-associated microbiota data have a hierarchical data structure. In this example, samples are nested within host species which in turn are nested under species traits. As there are also data on the host's geographical distribution, host species can be further nested within observation/collection sites. Additional data that are often available is the host species phylogeny. The proposed model extension can straightforwardly accommodate for this hierarchical data structure and discriminate their importance in structuring the microbiota. Figure 2 : The main plot shows a caterpillar for the host means µ(host) s , with the colors representing the 7 HMA hosts. The subplot shows a caterpillar plot for the row effects alpha i . The quantiles corresponds to the 95% (thin lines) and 68% (thick lines) credible intervals. The number within the parentheses indicates how many individuals per host species were used to draw inference on. (1) (1)
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(1) (2) (2) Figure 4 : The main plot shows a caterpillar for the host means µ(host) s colored by host taxonomy at the order level, while the subplot shows a caterpillar plot for the row effects alpha i . The quantiles corresponds to the 95% (thin lines) and 68% (thick lines) credible intervals. The number within the parentheses indicates how many individuals per host species were used to draw inference on. Figure 5 : The y-axis shows the relative proportion of variance in species occurrences explained by the hierarchy present on alpha i , the covariates included on the linear predictor L ij , and the residual variance not accounted for by the modeled effects i.e., the diagonal elements of the residual covariance matrix ⌦, for each OTU (x-axis). 
